In the modern era, the extent and character of technical change features prominently in discussions of productivity growth and movements in the competitiveness of manufacturing. While technical change is pervasive in modern manufacturing, it occurs unevenly. In this study, technical change is estimated by fitting dual cost functions for each of 38 sectors of Australian manufacturing over the 32-year period, 1968/69 to 1999/2000. The estimates show that technical change is heavily labour saving in all industries, but that the rate of change and the degree of bias towards saving labour, rather than capital or material, varies substantially across industries.
Introduction
Two key characteristics of modern manufacturing technology are the speed of change and an emphasis on displacement of labour. Yet, the pace of change and the degree of labour-saving bias are not uniformly distributed over the economy. This has clear consequences for structural change in the economy arising from altering the competitiveness and employment growth of individual industries.
In the present paper, estimates of the rate of technical change and degree of bias towards labour are provided by fitting the dual cost functions to data for each of 38 manufacturing sectors at the three-digit level of the ANZSIC classification scheme. The dual cost functions allow for rates of factor augmentation that vary across capital, labour and materials inputs. The estimates universally lead to rejection of the hypothesis that technical change is neutral. Instead a labour-saving bias is found in all industries, albeit to a degree that varies substantially across industries.
The finding of a labour-saving bias to technical change in Australian manufacturing supports an earlier finding by Whiteman (1991) , even though our findings are based on a different specification of technology. Instead of the translog functional form for the dual cost function with factor-augmenting technical change for labour and capital used by Whiteman, we utilise the Leontief functional form of the dual cost function with separate rates of augmentation for capital, labour and materials. Thus, our specification is less flexible by not allowing for input substitution, but considers a larger number of inputs. Hall (1988) argues that when there is imperfect competition, the difference between price and marginal cost can lead to bias in the measurement of technical change from production data. A related bias can occur with our estimates, as we use industry revenue as a proxy for industry total cost due to the difficulty of accurately measuring capital costs. To avoid bias, we estimate an integrated system of equations following Appelbaum (1982) , in which the gap between price and marginal cost depends on firm conjectures about the reactions and the industry price elasticity of demand.
The method for estimating technical change is discussed in Section 2 below. In Section 3, the method is applied to time-series data for each of 38 3-digit manufacturing sectors over the 32-year period, 1968/69 to 1999/2000 . These estimates are used to test whether technical change is neutral in its impact on the usage of all inputs. We also test for evidence of imperfect competition. We conclude the paper with observations on the implications of our findings.
Estimating the cost functions with factor-augmenting technical change
A standard method for estimating bias in technical progress is to fit regressions to dual cost functions that incorporate factor-augmenting technical change.
1 This approach is used by the Bureau of Industry Economics (BIE) in a study of technical progress in Australian manufacturing industries (see BIE, 1985; Harris, 1986 and Whiteman, 1991) .
Our approach is similar, except that we use a different specification of technology and we consider the impact of the price of materials input along with capital and labour prices. We also allow for the possibility that competition is imperfect, with price exceeding marginal cost.
We utilise a Leontief specification of production technology which, for efficient production, imposes a fixed ratio of input to output for each input at any point in time.
The generalised Leontief is more flexible and allows for input substitution. However, estimation of a generalised Leontief with three inputs to production involves a 1 As discussed in Berndt (1991) to avoid simultaneous equations bias, the right hand side variables of the function should be exogenous. Further, when using disaggregated data within markets that are relatively substantial number of explanatory variables (one for each input price and for each cross product of input prices). We choose to rely on the simple specification of Leontief technology as a first-order approximation to the generalised function.
With factor-augmenting technological change, the 'effective' quantities of input change over time in relation to the actual quantity. When we assume a constant rate of factor augmentation, the effective quantities of labour, L´i t , capital, K´i t , and materials, M´i t can be written as:
M´i t = M it e ψt L it in (1) is the actual quantity of labour employed by the ith firm at time t, K it is the corresponding actual quantity of capital and M it is the actual quantity of materials.
Further, Θ is the rate of labour saving in technical change, Φ is the rate of capital saving and ψ is the rate of material saving. We envision the possibility that technical change is labour saving and capital using in modern manufacturing, in which case Θ is positive and Φ is negative, whereas changes in material usage are usually small unless there have been dramatic alterations in an industry's products or processes.
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Taking account of the impact of factor augmentation on the amount of work done by a unit of input yields adjusted prices for 'effective' units of input. We assume each firm faces the same market price for actual units of input and, as above, treat the competitive, input prices, rather than input quantities, are generally considered exogenous. If this is the case, then estimation should be undertaken within a cost, rather than production, framework. 
In the absence of firm-level data on input prices and costs, we use industry-level data in estimating dual cost functions for each of 38 Australian manufacturing equipment that requires less labour to operate per unit of output, even if this comes at a cost in terms of a higher price for the service of equipment per unit of output.
industries. Aggregating equations in the form of (3) Data on the cost of all inputs into production are not readily available for Australian manufacturing industries. There are data for labour and material costs, but the cost of capital is not reported. If competition is perfect and firms are maximising profits, price is equal to marginal cost (and unit cost under our assumption of constant returns to scale). Price can then be substituted for unit cost in (3) to yield
Appelbaum (1982) shows that even under conditions of imperfect competition it is possible to estimate a dual cost function using average revenue data in place of a direct measure of unit cost. In particular, he assumes that firms behave as non-collusive oligopolists who have conjectures about the influence of changes in their own outputs on the total quantity of output supplied to the market. Assuming that industry output is homogenous across firms, the first-order condition for profit maximisation for each firm
where λ i is defined by
is the conjectural elasticity of total industry output with respect to the output of the ith firm, and η t is the market demand elasticity at time t.
The conjectural elasticity, λ i , in (7) Following Cowling and Waterson (1976) , the optimality condition for the ith firm in (6) can be applied to an industry consisting of identical firms, in which λ i .= λ for all i. Clarke and Davies (1982) extend this approach to allow for differences in conjectures, perceived marginal revenue and marginal cost across firms, demonstrating that equality of marginal cost and marginal revenue can still occur for each firm. In this case, the industry conjecture variable must be an appropriate aggregation of the corresponding firm-level measure.
3 Assuming this aggregation holds, substituting from (4) 
The double logarithmic market demand function, as employed by Appelbaum (1982) , has the form
where W is the implicit GNP price index and Q is GNP in current dollars. In this case the elasticity of market demand that enters into determination of the profit-maximising price in (8) is constant over time, with η replacing t η .
Results for Australian manufacturing
Regression results from estimating a dual cost function for each of the three-digit level sectors within manufacturing are shown in Table 1 . RKS, RLS and RMS represent rates of saving of capital, labour and materials respectively. In each case, the seemingly unrelated regression (SUR) estimation method is used to estimate the pricing equation in In all but four industries the results indicate an absence of market power in that the restriction that λ=0 can't be rejected using a log-likelihood test. The four industries with evidence of market power are Oil and Fat (214), Bakery Product (216), Nonferrous Basic Metal Product (273) and Other Transport Equipment (282). 5 The results reported for rates of factor augmentation and cost diminution below for these four industries are for a pricing equation in the form of (8), while for all other industries the results are for a pricing equation in the form of (5).
4 A demand equation for each input is derived using Shepard's Lemma, taking the first derivative of the cost function with respect to the relevant input price, where the cost function is given by multiplying the unit cost function in (4) by the level of output. This yields L t = Q t e -Θt and M t = Q t e -ψt as demand functions for labour and materials, respectively. We omit the demand equation for capital due to lack of data on the volume of capital services used. 5 The estimated ratio of price to unit cost in these industries ranges from 1.1 in Other Transport Equipment to 1.6 in Bakery Product. Detailed results are available on request from the author. The estimates in Table 1 show that the rate of labour saving in every industry is statistically greater than zero at the one percent significance level using Student's t test.
The rate of materials saving is also generally greater than zero and often at the one or five percent significance level. However, technical change is shown to be generally capital using with negative rates of factor augmentation for capital, often by amounts that are statistically significant at the one or five percent level. Even in those few industries with capital-saving technical change the rate of labour saving is always greater, so each Australian manufacturing industry in this study is found to have a labour-saving bias to technical change. Mills. The average rate of capital saving is -0.044966 and the standard deviation is 0.077697. 6 Whiteman (1991) also finds a labour-saving bias in each of the industries in his study.
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In Table 2 the estimates from Table 1 are used to calculate a rate of cost diminution due to factor augmenting technical change for each industry. Each rate of input saving from Table 1 is multiplied by that input's average share of industry cost over the sample period, 1968 through 1999, to give an estimate of the contribution to cost saving of technical change in the use of that input. The sum of these individual elements then gives the total cost diminution for the industry.
The total rate of cost diminution varies substantially across industries in Table 2, ranging from an annual cost saving of over 5% a year in non-metallic Mineral Products to an annual cost increase of over 5% a year in Bakery Products. The average cost saving is about .47% per annum and the standard deviation is 1.8%. Decomposing the total cost saving into the impact of augmentation for individual factors shows that saving labour reduces costs on average by about .59% per annum. Saving materials reduces costs by about .25% per annum and using increased capital usage raises costs by approximately .38% per annum.
Cost diminution is the dual reflection of technical change. Saving inputs means less input is required to produce a given quantity of output, hence the reduction in unit cost. The data in Table 2 indicate that on average there is a rate of technical progress in
Australian manufacturing of about half a percentage point per annum over the sample period. Further, differences in the rate of cost diminution across industries are the reflection on the cost side of differences in the rate of technological progress. Thus, the magnitude of the differences in cost diminution shown in Table 2 indicates that technological progress has variable impact on cost competitiveness across Australian manufacturing industries. The dual relation between cost diminution and technological progress means that a negative rate of cost diminution implies technological regress. As technological change is labour saving in all industries, a negative rate of cost diminution goes along with technological change that is capital using and/or
Conclusions
A key finding of the current study is that technological change in Australian manufacturing has a clear bias toward saving labour and using capital. This is not surprising given that the history of manufacturing at least since the Industrial Revolution has been one of increased mechanisation and enhanced labour productivity. Whiteman (1991) also finds a labour-saving (and capital-using) bias to technological change in Australian manufacturing. However, in the current study all changes in input usage are ascribed to technological change, whereas Whiteman splits changes in labour and capital usage between input substitution and factor-augmenting technological change.
The distinction between movements in usage of inputs due to technological change and that due to input substitution becomes muted once it is recognised that technological change reflects expectations of differential input price movements. Much technological change in manufacturing is embodied in capital equipment. Equipment producers attract buyers by ensuring that the equipment has low expected operating costs over the full lifetime of the equipment. With wage rates having strong trend growth, in both nominal and real terms, there is a clear incentive to continually reduce the labour requirements embodied in new equipment. Thus, the overwhelming laboursaving bias observed in technological change is associated with a clear historical rise in the relative price of labour, which is built into the future expectations of equipment manufacturers and buyers. 8 materials using. This raises the question of whether there has been over commitment, particularly to capital equipment, in industries experiencing negative cost diminution. Another possible reason for estimating negative technological change is failure to fully account for changes in product quality. 8 In this circumstance it is very difficult to statistically disentangle contemporaneous input substitution from built-in technological change. In Whiteman's results the parameter that indicates the degree of input substitution in almost half the industries (16 out of 34) is not statistically different from zero at the five percent significance level. In the current study estimates of a generalized Leontief cost function, which Deleted: Interestingly, the Bakery Product industry, which shows the most negative rate of cost diminution, has experienced a fundamental change in the distribution of its products, from large centralised bakeries to on-site baking in retail shops. Arguably, this is associated with a change in the quality of the product, particularly freshness. 
Price and Quantity of Output

Wages and Hours Data
As is traditional in this area, wages and hours data for males, rather than persons, are 
Price of Materials and Quantity of Materials
The price index of materials is taken from ABS Catalogue 6427.0 (Table 14 online 
